We have used massively parallel signature sequencing (MPSS) to sample the transcriptomes of 32 normal human tissues to an unprecedented depth, thus documenting the patterns of expression of almost 20,000 genes with high sensitivity and specificity. The data confirm the widely held belief that differences in gene expression between cell and tissue types are largely determined by transcripts derived from a limited number of tissue-specific genes, rather than by combinations of more promiscuously expressed genes. Expression of a little more than half of all known human genes seems to account for both the common requirements and the specific functions of the tissues sampled. A classification of tissues based on patterns of gene expression largely reproduces classifications based on anatomical and biochemical properties. The unbiased sampling of the human transcriptome achieved by MPSS supports the idea that most human genes have been mapped, if not functionally characterized. This data set should prove useful for the identification of tissue-specific genes, for the study of global changes induced by pathological conditions, and for the definition of a minimal set of genes necessary for basic cell maintenance. The data are available on the Web at http://mpss.licr.org and http://sgb.lynxgen.com.
[Supplemental material is available online at www.genome.org. The following individuals kindly provided reagents, samples, or unpublished information as indicated in the paper: A. Delaney.]
As a rule, adult human organs and tissues perform highly specialized tasks, and contain cell types that have gone through an extensive differentiation program. Cells belonging to different tissues can be distinguished morphologically, functionally, and biochemically. Differentiation is driven largely by changes in the transcriptional program of the cells, through regulatory and epigenetic events. Therefore, the availability of comprehensive snapshots of the transcriptomes of cell populations from fully differentiated tissues should give us valuable information about the genes whose expression is necessary to maintain their specialized functions, as well as those that are necessary to all living cells. We have shown previously that massively parallel signature sequencing (MPSS) is a technique that can provide such a picture, at least for the vast majority of human transcripts (Jongeneel et al. 2003) . MPSS is unlike microarrays, where issues of array design, cross-hybridization and reproducibility limit the coverage and dynamic range of the assay. MPSS also has the advantage that it samples the transcripts present in an mRNA population in an essentially unbiased fashion.
We have analyzed pooled RNA samples isolated from 32 human tissues, and were able to document the patterns of expression of 18,667 genes. The identities and relative expression levels of these genes give valuable insights into the specialized functions performed by fully differentiated tissues, and into the gene products required to maintain them. Moreover, these data largely define the complement of genes expressed in a variety of normal tissues, and thus a backdrop against which pathological changes can be detected and analyzed.
Results
Depth of coverage and mapping of signatures mRNA populations extracted from 23 different non-CNS organs and from nine different CNS areas (Table 1) were subjected to MPSS analysis (Brenner et al. 2000a) , with 1.3 ‫ן‬ 10 6 to 6 ‫ן‬ 10 6 signatures being generated in two reading phases for each sample. The cDNA libraries attached to microbeads were produced using the original Megaclone protocol (Brenner et al. 2000b) , which includes the amplification by PCR of the entire region between the poly(A) tail and the first DpnII site on the cDNA. Six batches of loaded beads were used for sequencing each sample, each representing an aliquot of 1.6 ‫ן‬ 10 5 molecules drawn from an initial library with a complexity of 4 ‫ן‬ 10 7 to 4 ‫ן‬ 10 8 independent cDNA/vector ligations; therefore, the maximum complexity of the sampled population is 9.6 ‫ן‬ 10 5 . Only signatures seen in at least two independent sequencing runs and present at a minimum number of three transcripts per million (tpm) in at least one sample were retained. This procedure ensures that most signatures containing sequencing errors are removed (Meyers et al. 2004) . A total of 182,718 distinct signatures fulfilled these criteria. The mapping of signatures to transcripts was performed essentially as described previously (Jongeneel et al. 2003) . Signatures that mapped to at least one but not more than four predicted transcripts were considered to be reliable, and unreliable signatures, as well as those mapping to known contaminants or mapping with single nucleotide mismatches, were eliminated from further analysis. We were able to assign 33.8% of the different remaining signatures (87.5% of the signature counts) to known RNAs derived from 18,677 genes (Table 1) . The proportion of signatures that could be assigned to known transcripts in individual tissues varied between 49.0% in cerebellum (8183 different genes) and 71.2% in pancreas (5845 genes), reflecting the depth at which these tissues have been sampled in EST and full-length cDNA sequencing projects, as well as the relative complexity of their transcriptional programs. The average efficiency of signature mapping over all tissues was 60.3%; this is significantly more than the overall efficiency (33.8%), because most of the unmapped signatures appear to be tissue-specific. The details of the mapping process are summarized in Table 1 .
The signatures that could not be assigned to known transcripts are a rich source of information about the part of the transcriptome that is not yet characterized. Of the signatures, 37.4% (6.7% of the signature counts in tpm) matched mapped loci, but in regions that are not part of mapped exons (Table 1 , "in loci"; note that the signature counts for each category are not shown in the table); these could represent as many as 50,000 transcripts derived from known loci but whose structure has not yet been elucidated. Another 20.7% (2.1% of tpm) matched the complementary strand of known transcripts, and could be derived from antisense or regulatory RNAs, or from overlapping genes. Collectively, 92% of all signatures and >97% of tpm mapped to the 50% of the genome that is known to be transcribed; this indicates strongly that while the full complexity of the human transcriptome may not yet have been explored, the vast majority of the transcribed regions (genes) have been identified. Only 5.0% (0.5% of tpm) mapped to the genome, but outside areas known to be transcribed, and only 3% (2.1% of tpm) of all signatures could not be mapped to the current assem- 
Toward a definition of the adult human transcriptome
The mapped signatures matched 18,667 genes reliably (one signature matching four genes or less), and another 3494 genes unreliably (genes matched by signatures that also matched more than three other genes). The 440 signatures matching five genes or more were excluded from the rest of the study. Therefore, ∼20,000 genes, roughly half of the 39,437 genes currently defined by our mapping procedures, may be expressed at detectable levels in the tissues sampled. While 39,437 may be an overestimate of the number of transcribed regions in the human genome, the numbers of genes that were expressed or not were defined relative to the same data set (the public transcriptome sequence collections) , suggesting that the estimate that half of all genes are expressed at a level detectable by this technique is reasonable. Other surveys of gene expression in normal human tissues reached similar conclusions (Hsiao et al. 2001; Su et al. 2002; Shmueli et al. 2003) . As an independent verification of this estimate, we counted the number of genes from Chromosome 21 whose expression is documented by MPSS signatures, because this chromosome has undergone careful annotation. Out of 228 Chromosome 21 genes in the current Ensembl annotation, the expression of at least 126 (55%) was detected in the 32 human tissues, providing independent confirmation that about half of all genes are detectably expressed in these samples.
In a complementary approach, we examined the relationship between predicted and observed signatures (Table 2) . In this context, predicted signatures are all sequences proximal to a 3Ј-most DpnII site in our reconstituted human transcriptome (Iseli et al. 2002; Sperisen et al. 2004) , including those derived from alternatively polyadenylated or spliced transcripts, while observed signatures are a subset of the predicted ones. The predicted signatures are further subdivided into categories: specific (mapping to four transcripts or less) or nonspecific, mapping at <300 nt from the transcript 3Ј-end or more, and overlapping or not with the poly(A) tail. The results show several interesting features:
1. The most abundant classes of predicted signatures, as expected, are specific and do not overlap the poly(A) tail. 2. Those mapping >300 nt from the mRNA 3Ј-end are more than threefold less abundant on average than those mapping closer to the poly(A) tail, confirming the observation that in the classic MPSS protocol there is a bias toward signatures mapping close to the poly(A) tail; however, there is only a small difference in the observed/predicted ratio (24% vs. 27%) for these two classes. 3. Overall, 27% of the predicted signatures are actually observed; this is significantly less than half of the signatures (as compared to approximately half of all genes), but not entirely surprising given the fact that our transcript reconstitution algorithm predicts all possible transcript forms, many of which may not be present in the tissues sampled. 4. As expected, the observed overpredicted ratios for nonspecific signatures, as well as their average abundance, are much higher than for specific ones.
Overall, these results are consistent with those above, indicating that approximately one-half of all human genes defined by cDNA libraries are expressed at detectable levels in the collection of tissues sampled here. In two cell lines that we analyzed previously (Jongeneel et al. 2003 ), >4000 genes not found in any of the fully differentiated tissues were found to be expressed; whether this is due to the fact that genes in cell lines are less tightly regulated than those in tissues, or to a better representation of transcripts in the new MPSS protocol that was used for these cell lines remains to be determined. Also, there are almost certainly transcripts that cannot be detected because their expression is below the assay's threshold. In all tissues sampled, the frequency of signature counts was still increasing at the lower end of the distribution (data not shown), suggesting that the sampling achieved in this study (library sizes from 1.3 to 6 million clones) is still short of saturation.
Comparing the composition and complexity of tissue-specific transcriptomes
The 32 tissues analyzed differ markedly in the apparent complexity of their transcriptomes, with 5845 genes being detected in the pancreas, while 12,267 are found in the testis (Table 1 ). This complexity is related to the tissues' degree of specialization, and to the number of different cell types present in them.
In the pancreas, much of the transcriptional output is directed toward the manufacture of a limited The column labels are predicted: the number of signatures predicted in this class from transcriptome reconstitution data; observed: the number of predicted signatures actually observed; ratio: the ratio of observed to predicted signatures; count: the cumulative abundance of this class of signature; avg count: the average abundance of this class of signature; specific: signature maps to four transcripts or less (yes), or more than four (no); <300 nt: signature maps within less (yes) or more (no) than 300 nt from the transcript 3Ј-end; >300 nt: signature maps within more (yes) or less (no) than 300 nt from the transcript 3Ј-end; overlaps poly(A): signature contains A nucleotides at the 3Ј-end derived from poly(A) tail. NB: since one signature can map to more than one transcript, the positional classes are not mutually exclusive.
repertoire of secreted enzymes; also, because of the very high abundance of those few transcripts, the less abundant ones will fall below the significance cutoff. In the testis, no abundant tissue-specific transcripts dominate the total population, which is derived from a large number of cell types of both germ-line and somatic origin. These differences can be illustrated graphically in a cumulative histogram plotting the number of ranked transcripts against their contribution to the total transcriptome (Fig.  1) . Highly specialized tissues can be clearly distinguished from more "generalist" ones in such a representation. For example, the 100 most abundant transcripts (<2% of the total number) add up to ∼90% of the total mRNA in pancreas, but only 20% in fetal brain or testis. To see whether similar features could also be detected in hybridization-based data, the analysis shown in Figure  1 was repeated for both MPSS and Affymetrix data (Su et al. 2004) , using a selection of tissue samples and probe sets that are common to both data sets. While the overall features of the curves are similar, differences in the distribution of abundance classes are much less marked when analyzing Affymetrix-based data, presumably because the hybridization signal reaches saturation for the most abundantly expressed genes and because the normalization method used by the Affymetrix software has dampened the distribution (Supplemental Fig. 5) .
The large dynamic range of the MPSS technique allows the measurement of expression levels ranging between >10 5 copies per cell and less than two. Thus, individual genes can show very high degrees of tissue specificity, and be classified accordingly. Gastric lipase (LIPF), for example, was found at 9218 tpm in the stomach and less than two in all other tissues. This specificity is consistent with the distribution of the corresponding ESTs (UniGene cluster Hs.523130 at http://www.ncbi.nlm.nih.gov/ UniGene) as well as SAGE tags (NlaIII tag CAGTGCTTCT, at http://cgap.nci.nih.gov/SAGE/AnatomicViewer). A simple measure of specificity can be obtained by calculating
where S is the specificity, E 1 to E n are the expression levels across all tissues, and E max is the highest expression value observed for the gene in question among all tissues. Note that for this analysis, the expression levels for all adult CNS tissues were averaged into a single value. A list of the 32 genes with S values higher than 9 (i.e., expressed >512-fold higher in one tissue than in all others combined) is presented in Table 3 . Most are well-known genes, whose specificity is picked up with high sensitivity by the technique. It is notable that in this set, the SymAtlas Affymetrix data document the same tissue-specific expression as the MPSS data in all cases where both tissue and probe set could be matched. The S values, however, are always significantly lower than for the MPSS data, reflecting again their narrower dynamic range (Table  3) . Interestingly, there are a few highly tissue-specific genes whose identity or function remains unknown. A more comprehensive list, including all genes with an S value higher than 3 and sorted by tissue of highest expression, is given in Supplemental Table 1 . There are 1759 genes in the list, of which almost half (857) are testis-specific; many known genes with an expression profile limited to germ-line cells and re-expressed in cancer (cancer-testis, or CT genes) are among the latter.
The pattern of expression of genes among tissues is also informative. Figure 2 shows that the distribution among the tissues of genes with expression values >5 tpm is bimodal, with peaks at 1 and 24 (all) tissues. This is incompatible with a model in which most or all genes would have equal probabilities to be expressed in any one tissue, which would produce a unimodal, binomial distribution. In other words, most genes are either ubiquitously expressed or tissue-specific, and their expression is not used in a primarily combinatorial fashion to produce the phenotypes of fully differentiated tissues. There are 1303 genes expressed in all samples at 5 tpm or more, giving an estimate of the number of known genes that perform "housekeeping" functions; if the threshold is increased to 10 tpm, this number falls to 942, or 2.4% of all documented genes. One should keep in mind that these numbers comprise both false positives (e.g., transcripts that are universal contaminants, such as globins), and false negatives (mostly transcripts that cannot be reliably detected by MPSS). The percentage of housekeeping genes relative to the total transcriptome (7.5%) is comparable to numbers reported by others (Warrington et al. 2000; Su et al. 2002) . There are 3583 genes that are found in only one tissue, and 4403 with a specificity (as defined above) of >1, that is, expressed more than twofold higher in one tissue than in all others combined. These numbers indicate that in our collection of tissues, at least one-fifth of all expressed genes can be considered to be tissue-specific, and ∼90% are not expressed in all tissues.
Tissue classification based on patterns of gene expression
Patterns of gene expression can be used to compare tissues with each other. We computed the correlation coefficient r between the logarithms of the gene expression vectors of all pairs of tissues, and used d = (1 ‫מ‬ r) as a measure of the difference between the members of a pair. The d values were used to construct a multidimensional scaling (MDS) map of the tissues (Fig. 3) . The MDS method represents the 32 points in a plane while seeking to maximally preserve all the pairwise distances in the visualization. To better reveal patterns of similarity, lines connecting each sample to its nearest neighbor in the original distance matrix were added to the plot. As expected, the CNS samples generated an almost fully connected network. The retina and the pituitary Figure 1 . Distribution of transcript abundance classes in various tissues. For each tissue, the proportion of the transcriptome contributed by the n most abundant transcripts (abscissa) was plotted. The plots of five tissues representing extreme cases were colored: pancreas, salivary gland, and stomach as examples of highly specialized tissues with a secretory function; fetal brain and testis as examples of tissues with complex and diversified transcriptomes.
gland, which are of partial CNS origin, are neighbors of CNS tissues. The three samples of hematopoietic origin (bone marrow, monocytes, and peripheral blood lymphocytes) formed a tightly connected group, as did the spleen and the thymus, which are both rich in lymphocytes. Relationships between other tissue types were more difficult to unravel in this representation.
As an alternative way to display the relationship between the gene expression profiles of different tissues, we performed a hierarchical clustering based on the same distance measure (Fig.   4 ). While this method does not cluster all tissues in a manner consistent with their known histological or physiological properties, several clusters (smooth muscle, intestinal tract, secretory glands, CNS) clearly emerge and are colored in the figure. A similar analysis was performed with matching subsets of the MPSS data and of Affymetrix data from the SymAtlas collection (Su et al. 2004) , and the results are shown in Supplemental Figure 2 . The clustering of data generated using these two very different technologies gave qualitatively similar results; in particular, the CNS samples clearly segregated from other tissues (except for fetal brain, which was separated from other CNS samples in the SymAtlas data), and the two striated muscle samples were clustered together in both data sets. The other tissues that overlap between the two data sets are too heterogeneous to cluster in a meaningful fashion.
Discussion
The data presented here provide a comprehensive overview of gene expression in adult human tissues. We are making the data available for downloading, as well as providing a Web interface for interrogating them. Several other data sets documenting patterns of gene expression in normal human tissues have been published previously: Warrington et al. (2000) hybridized pooled RNA samples from 11 normal tissues (obtained from Clontech) to Affymetrix HuGeneFL chips (7129 probe sets). Hsiao et al. (2001) used the same chips to probe 59 samples derived from 19 normal S, the value for specificity, was calculated as described in the text. S (M): specificity from MPSS data; S (A): specificity from SymAtlas Affymetrix data. E max is the maximal expression value in tpm. NA: Affymetrix data not available, either because the relevant tissue was not sampled or because there was no corresponding probe set.
human tissue types. Su et al. (2002) used the more recent HG-U95A chip (12,559 probe sets) to probe 46 samples from human tissues and cell lines. Finally, Shmueli et al. (2003) used the full HG-U95 set (62,839 probe sets on five chips) to probe 12 pooled RNA samples from human tissues also obtained from Clontech. Su et al. (2004) recently expanded their data set very significantly by designing custom probe sets that can be combined with the Affymetrix HG-U133A chip to interrogate a total of 44,775 human transcripts, and hybridizing the chips to a panel of 79 human samples. The data for four of these studies are available on the Web: http://www.hugeindex.org (Human Gene Expression Index) for Hsiao et al., http://expression.gnf.org (Gene Expression Atlas) and http://symatlas.gnf.org (SymAtlas) for Su et al., and http://genecards.weizmann.ac.il/genenote (GeneNote) for Shmueli et al. The RNA samples analyzed here, which were obtained from Clontech, overlap those used by Su et al. and by Shmueli et al. This study differs from previously published ones in two fundamental ways: (1) signatures produced by MPSS are a largely unbiased set, derived from random sampling of polyadenylated transcripts, and the data are therefore not limited by the coverage of a given probe set; (2) MPSS allowed the measurement of 10 5 -fold differences in expression, while the dynamic range of the GeneChip is <10 3 . This difference in dynamic range was corroborated by a comparison between MPSS and GeneChip data obtained from identical mRNA samples from testis and placenta (data not shown): while 347 genes were differentially expressed by more than 100-fold according to the MPSS data, only six met the same criteria according to the GeneChip data. As an example from this data set, the pancreatic elastase 3 gene (ELA3A/ELA3B), which scored the highest in our specificity measurement and whose expression is known to be restricted to pancreas (Tani et al. 1988) , was detected by MPSS at 18,767 tpm in the pancreas, and below the detection limit (<2 tpm) in all other tissues. In the Gene Expression Atlas, it had a score of 15,303 in the pancreas, 1324 in the spinal chord, 462 in the corpus callosum, and <100 in all other tissues, and was not flagged as a tissue-specific gene in the original paper. The GeneNote data for ELA3A give an expression level of ∼4000 in the pancreas, 80 in the spleen, 40 in the prostate, and <20 in all other tissues sampled. In GeneNote, ELA3A is annotated as a tissue-specific gene. Su et al. (2002) detected 387 genes that were expressed in a tissue-specific manner, as defined by an expression level of >200 in one tissue and <100 in all others (∼>10 copies per cell vs. <5). Using similar criteria, we could detect >4100. Therefore, our data set considerably extends the scope and sensitivity of available data on gene expression in adult human tissues.
There are several known limitations to the MPSS technique. The first one is that for ∼7% of genes, no signatures can be reliably assigned (genes matched only by signatures marked as nonspecific in Table 2 , and transcripts lacking a DpnII site), and therefore expression levels cannot be measured; this proportion doubles if one considers genes for which at least one of the possible signatures is not reliable. The use of a second anchoring enzyme, recognizing a different 4-nt sequence, should make it possible to detect those transcripts that were missed because they lack a DpnII site; however, this would significantly increase the cost of generating the data. The generation of longer signatures, which is possible at the cost of lowering the efficiency of sequencing, will also increase the proportion of reliable signatures. The second limitation is that for most genes, the detection and characterization of alternative polyadenylation sites is still fragmentary. While our transcript reconstitution procedures are able to extend many transcriptional units toward their 3Ј-most polyadenylation site, there are also many 3Ј-UTRs that are still disconnected from their parent gene and therefore not annotated properly (Iseli et al. 2002) . The third limitation is associated with the original Megaclone technique (Brenner et al. 2000b) , which was used in the present study. Because the entire region between the polyadenylation site and the first DpnII restriction site had to be converted to cDNA and amplified by PCR, the efficiency of detection of individual transcripts diminished with an increase in the distance separating these two sites (see Table 2 ). Recent improvements in the Megaclone protocol have eliminated this problem. A fourth issue is the reproducibility of the levels of gene expression measured by MPSS (Stolovitzky et al. 2005) . While the reproducibility is good for genes for which signatures are detected in all samples, individual signatures may not be detected in some libraries for unknown reasons. Therefore, measurements of zero (signature not detected) have a significantly higher error rate than those with nonzero values. A comparison to SAGE data generated from similar tissues (A. Delaney, pers. comm.) shows that more sequencing is required for MPSS to reach a similar coverage of the transcriptome, but that because the sampling is deeper with MPSS the quantitation is more reliable.
It has been argued that the systematic sampling of the human transcriptome using unbiased techniques such as SAGE or MPSS, or hybridization to whole genome probe sets, would uncover a vast new landscape of transcripts that had not been characterized before (Chen et al. 2002; Kapranov et al. 2002) . Our data allow us to address this question directly. Only 34% of the signatures that were collected could be mapped to transcripts (Table 1) , indeed suggesting that >65% of the transcriptome is yet to be characterized. But a closer look at how these 65% are distributed shows a different picture (Table 1) . Almost 38% map within transcribed loci, on the strand known to be transcribed, but outside mapped exons. These could define new exons, or be derived from incompletely spliced transcripts. Another 21% map to the reverse strand of known transcripts; these could be derived from antisense transcripts, a transcript type now amply documented, or from artifacts in the cDNA cloning procedure that generates the signatures. Only 5% map to the genome outside of regions that are known to be transcribed, which themselves cover <50% of the genome; this strongly supports the argument against the intergenic regions containing significant numbers of new genes. If one considers the cumulated abundance of the signatures, those that map to known transcripts generate almost 90% of the total. Taken together, these data strongly support the contention that the vast majority of human genes expressed at >3 tpm (approximately 1 copy per cell) in the set of normal tissues examined here have now been identified, even if many remain to be mapped out in detail and the characterization of antisense transcripts is still very fragmentary (Yelin et al. 2003) . It is very likely that additional exons and antisense transcripts will be discovered, but most are likely to originate from loci that have already been delineated.
The present work brings into sharp focus the highly differential expression patterns of most genes, which result in the formation of highly specialized cell and tissue types. It highlights the fact that most gene products participate in the maintenance of specialized functions, and that only a small subset are necessary to ensure the basic structural and metabolic requirements of living cells. Finally, it provides a solid foundation in the search for organ-or tissue-specific targets of therapeutic compounds of all classes.
Methods
Total RNA preparations, derived from normal human tissues and pooled from multiple donors, were purchased from Clontech. After DNase treatment and isolation of poly(A) + RNA, these samples were used to generate cDNA libraries according to the Megaclone protocol (Brenner et al. 2000b) , and signatures adjacent to poly(A) proximal DpnII restriction sites were sequenced by serial cutting and ligation of decoding adapters (Brenner et al. 2000a) . Each signature comprised 17 nt, including the DpnII recognition sequence (GATC). Between 1.5 and 6 million signatures were sequenced from each sample, in two reading frames offset by 2 nt. Only signatures that were seen in two independent sequencing runs, and present at a minimum of 3 tpm in at least one sample, were retained for the analysis (Meyers et al. 2004 ). For many signatures, counts of <3 tpm were observed in some tissues; when a particular signature was observed at one copy or not at all in a given tissue, we estimated that it was expressed below a detection threshold of 2 tpm.
The mapping of signatures to human transcripts was performed essentially as described before (Jongeneel et al. 2003) , using the NCBI 34 assembly of the human genome. Additionally, sequence variants present in EST sequences but not in the genomic reference sequence were taken into account for the mapping. Two different annotated files were produced: in the "signature-centric" version, each signature was associated with one or more transcribed loci or with known mitochondrial or ribosomal transcripts and repetitive sequences, or marked as unmatched; in the "gene-centric" version, only those signatures that matched transcribed regions reliably were retained, and the corresponding counts were pooled when multiple signatures mapped to the same gene (usually through alternative polyadenylation). The gene-centric file was used to document patterns of gene expression across tissues.
Simple analyses of the results were performed using awk and perl scripts, or Excel functions, on the annotated files. All statistical analyses were run in the R environment, in particular with functions of the mva and cluster libraries. Clustering was performed with the hierarchical clustering algorithm agnes (Kauffman and Rouseeuw 1990) of the cluster library. 
